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Prenatal exposure to carcinogenic polycyclic aromatic hydrocarbons (c-PAHs) through maternal in-
halation induces higher risk for a wide range of fetotoxic effects. However, the most health-relevant
dose function from chronic gestational exposure remains unclear. Whether there is a gestational win-
dow during which the human embryo/fetus is particularly vulnerable to PAHs has not been examined
thoroughly. We consider a longitudinal semiparametric-mixed effect model to characterize the indi-
vidual prenatal PAH exposure trajectory, where a nonparametric cyclic smooth function plus a linear
function are used to model the time effect and random effects are used to account for the within-subject
correlation. We propose a penalized least squares approach to estimate the parametric regression coef-
ficients and the nonparametric function of time. The smoothing parameter and variance components
are selected using the generalized cross-validation (GCV) criteria. The estimated subject-specific tra-
jectory of prenatal exposure is linked to the birth outcomes through a set of functional linear models,
where the coefficient of log PAH exposure is a fully nonparametric function of gestational age. This
allows the effect of PAH exposure on each birth outcome to vary at different gestational ages, and the
window associated with significant adverse effect is identified as a vulnerable prenatal window to PAHs
on fetal growth. We minimize the penalized sum of squared errors using a spline-based expansion of
the nonparametric coefficient function to draw statistical inferences, and the smoothing parameter is
chosen through GCV.
Keywords: Environmental health; Longitudinal study; Risk assessment; Spline basis;
Windows of vulnerability.
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1 Introduction
Within areas of environmental health research, especially concerning children’s health, there has been
an increasing interest in identifying the periods when exposure to environmental toxicants causes a
higher risk or a stronger health deficit later in life compared to other periods when the exposure occurs
(Barr et al., 2000; Selevan et al., 2000;West, 2002). For example, prenatal or early postnatal exposure to
polycyclic aromatic hydrocarbons (PAHs), which are emitted during incomplete combustion and/or
pyrolysis of fossil fuel, coal, wood, cigarette, and food items, exerts both developmental toxicity,
carcinogenicity and disruption of the endocrine system (Perera et al., 2005; Yu et al., 2006; Castro
et al., 2008). Strong associations of prenatal exposure to PAHs with small-for-gestational age, preterm
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delivery, and neuro-developmental deficits in children have also been observed (Selevan et al., 2000;
Kim, 2004; Schwartz, 2004). However, the question of whether there is a gestational window during
which the human embryo/fetus is subject to a higher risk if exposed to PAHs has not been examined
thoroughly. It is of great clinical importance to identify such critical windows of vulnerability, and
thus avoid unnecessary toxic exposures to reduce the risk of intrauterine growth restriction (IUGR).
In public health and risk management, information on such critical windows of vulnerability may also
help identify specific interventions for susceptible subgroups.
Early-life exposure to xenotoxins, spanning from embryo to early childhood, is of particular interest
not only because it is the period of exquisite vulnerability, but also because of its possible “program-
ming” role in immune, metabolic, and neurological functions throughout the life course. This unique
vulnerability of the fetus to xenotoxins has been attributed to susceptibility to epigenetic disruption,
immaturity of immune systems, the rapid development of fetal organs, and the fact that exposure per
body weight is much higher than that for adults. Furthermore, the maternal milieu varies over the
pregnancy period, with changes in absorption, distribution, metabolism, and excretion of xenobiotics.
Subtle morphological and/or functional modifications due to prenatal xenotoxin exposure have been
associated with an increased risk of many illnesses, including delayed cognitive function, cardiopul-
monary diseases, diabetes during adulthood, lymphoma, breast cancer, and Parkinson’s disease.
Question of whether the timing of prenatal exposure to airborne PAHs induces variable risks of
IUGR has garnered a considerable interest (Sram, 2005; Sanyal and Li, 2007). Traditional consensus
has been that the largest fetal weight gain is during the third trimester and accordingly xenotoxin
exposure in the latter half of the pregnancy period has been deemed the most detrimental. However,
a robust body of experimental data demonstrates that PAH exposure during the earliest gestational
weeks profoundly affects the subsequent disease risks. Exposure to PAHs, in particular B[a]P and
7,12-dimethylbenz[a]anthracene (DMBA) during organogenesis leads to significant reduction in birth
weight, crown-lump length, as well as placental proficiency. Fetal cranium and fetal neural tissues
appear to be particularly sensitive to B[a]P and DMBA exposure. Therefore, transplacental exposure
to B[a]P significantly impairs long-term potentiation, a marker of long-term memory and learning.
In humans, it remains unclear whether the gestational age-specific PAH exposure differentially affects
functions and/or physiology of the developing systems.While the perinatal period is generally regarded
as the most susceptible period during human development, functional and/or physiological alteration
due to PAH exposure during a narrower and more precise vulnerable gestational window remains very
poorly understood. In order to better understand the etiologies underlying the intrauterine growth
restriction, we focus here on the question of variability in intrauterine growth restriction risk associated
with comparable units of exposure across different gestational ages.
In this paper, we propose a novel modeling procedure to identify the critical vulnerable prenatal
window to PAH on fetal growth, based on a prospective cohort study with unique personal PAH
exposure measurements conducted in Krakow, Poland (Jedrychowski et al., 2003, 2004, 2006; Choi
et al., 2006, 2008). To investigate the effect of prenatal and early childhood exposure to multiple
toxicants on a number of developmental and health outcomes, a cohort of pregnant and healthy
women was enrolled in Krakow between 2000 and 2003. During pregnancy, a questionnaire on health
history, lifestyle, andhome environmentwas administered repeatedly. Theparticipantswere also invited
to undergo a 48-hour personal air monitoring to estimate their personal prenatal exposure to PAHs
during each trimester. Figure 1 shows the exposure measurements from all subjects during the study
period and suggests that the prenatal exposure level varies over time in a complicated periodic manner.
Thus, modeling its time trend using a simple parametric function would be difficult. Also, the personal
measurements are sparse due to technical difficulty, pregnancy burden, and expense considerations.
Therefore, nonparametric modeling is not only more flexible to provide a data-driven functional form,
but also enables us to borrow the information from others to help estimate subject-specific exposure
trajectories. We estimate individual prenatal exposure curve for the entire duration of pregnancy
through a longitudinal semiparametric-mixed effect model (Zhang et al., 1998; Ke and Wang, 2001;
Elmi et al., 2011).We use a cyclic nonparametric smooth function plus a linear function of the calendar
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Figure 1 Personal prenatal log PAH exposure measurements across the calendar time among the
study cohort from November 2000 to January 2003. The observations of four subjects are illustrated
using different subject-specific symbols.
time to model the longitudinal trajectory of log PAH exposure, and use other parametric components
to model the effect of other covariates. The within-subject correlation is accounted by subject-specific
random effects. We employ penalized least squares methods to estimate the regression coefficients and
the cyclic nonparametric function, by generalizing themethod inGu andMa (2005) for nonparametric
mixed-effect models. With the predicted subject-specific prenatal PAH exposure trajectory, we propose
a set of functional linear models (Ramsay and Silverman, 1997; Ramsay et al., 2009; Cardot, 2003) to
relate the birth outcomes and the individual-specific curves of prenatal PAH exposures. The coefficient
associated with log PAH exposure in functional linear models is a fully nonparametric function of
gestational age, which allows the effect of log PAH exposure on each birth outcome to vary at different
gestational ages, as well as the corresponding significance. The gestational window associated with
significantly detrimental effects is identified as a vulnerable window to PAHs on fetal growth. We
employ a spline-based expansion of the nonparametric coefficient curve and minimize the penalized
sum of squared errors to draw statistical inferences. The smoothing parameters are chosen through
the generalized cross-validation (GCV) criteria.
2 Statistical models
Eight carcinogenic PAHs were monitored and measured during the unique 48-hour personal air
monitoring in the study. We use the sum of eight c-PAHs to summarize the PAH exposure level at
each observation. A log transformation is applied to the PAH level in order to get a more normally
distributed measurement. To account for the correlation between the multiple monitoring of the same
subject at different trimesters, and to account for the nonlinear periodic effect of calendar time on the
PAH exposure level as shown in Fig. 1, we fit the following semiparametric-mixed effect model of log
PAH with a subject-specific random intercept and random slope for some covariates.
Yi j = XTi j β + f (ti j ) + bi1 + ZTi jb2 + ei j, (1)
where Yi j denotes the jth log PAH exposure measurement for subject i at time ti j , i = 1, . . . , n,
j = 1, . . . , ni, ni denotes the number of PAH measurements for subject i, which may vary from one
subject to another, and β is a d1 × 1 vector of regression coefficients associated with the covariates Xi j .
We model the effect of calender time ti j on the log PAH exposure level through a nonparametric cyclic
function f (ti j ) to allow for any possible periodic nonlinear association, where f (t) is assumed to be
a twice-differentiable periodic smooth function. Besides the cyclic pattern captured by f (t), we also
allow a linear change of log PAH exposure over calendar time. Thus, ti j is included in Xi j as well. In
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order to make the model identifiable, we restrict f (t) to have mean 0. The effect of other potential pre-
dictors, such as spatial factors (whether living in city center) and behavioral factors (whether smoking),
are also modeled linearly through XTi j β in the model. We use the subject specific random intercept bi1,
i = 1, . . . , n, and b2, the random effects corresponding toZi j , to handle the within-subject correlation.
In our analysis,Zi j includes four dummy variables to indicate whether living in city center and whether
smoking. Thus, b2 = (b21, b22, b31, b32)T . Denote b = (b11, b21, . . . , bn1, b21, b22, b31, b32)T , and we as-
sume b ∼ N {0,B(θ)}, where θ denotes the variance components. ei j ∼ N(0, σ 2e ) are independent mea-
surement errors. Using such a semiparametric-mixed effect model, each subject borrows information
from the other subjects in the study cohort to fit the whole personal PAH exposure profile. Note that
the covariates in Zi j could be time dependent. Thus, the predicted individual PAH exposure trajectory
not only shift from the populationmean curve by a subject-specific amount bi1, but also has a departure
as ZTi jb2 corresponding to the value of Zi j for subject i at time ti j .
From every subject’s estimated individual profile of the PAH exposure over calendar time, we cut
out the period from the time she got pregnant to the time she delivered the baby. These individual
prenatal PAH exposure curves over their own entire gestational period are put in a functional linear
model to assess the association between each birth outcome and individual prenatal PAH exposure.
The functional linear model is
Oi =
∫ Td
0
Ŷi(t)α(t)dt + X˜
T
i γ + i, (2)
where for subject i, Oi denotes the birth outcome of interest, either birth weight, birth length, or birth
circumference, Ŷi(t) is the log PAHexposure profile predicted frommodel (1), and α(t) is the coefficient
function associated with log PAH exposure at t. Note t in model (2) denotes the gestational age instead
of calendar time and the integral is from gestational age 0 to the gestational age at delivery Td . α(t)
is a fully nonparametric function of t, which allows the effect of log PAH exposure on each birth
outcome to vary at different gestational ages. We controlled for other potential risk factors such as
the gestational age, newborn gender, parity, whether the delivery is c-section, whether born in summer
season (from April to September), mom’s prepregnancy weight as well as maternal height through
X˜
T
i γ , where X˜ i denotes these potential risk factors for poor birth outcome and γ is a d2 × 1 vector
of regression coefficients associated with the covariates X˜ i. We assume i ∼ N(0, σ 2 ) are independent
random errors.
3 Estimation procedure
3.1 Penalized least squares estimation in semiparametric-mixed effect model
To facilitate the presentation, we introduce the following matrix notation. Let Y i =
(
Yi1, . . . ,Yini
)T
,
for i = 1, · · · n, and similarly define X i, Z i, t i, and ei. Considering all the subjects in the study and fur-
ther denotingY = (YT1 , . . . ,YTn )T , X = (XT1 , . . . ,XTn )T , t = (tT1 , . . . , tTn )T , Z = [diag(1n1 , . . . , 1nn ),
(ZT1 , . . . ,Z
T
n )
T ], b = (b11, b21, . . . , bn1, b21, b22, b31, b32)T , and e =
(
eT1 , . . . , e
T
n
)T
, we have
Y = Xβ + f (t) + Zb+ e, (3)
where β and f are defined as before, b ∼ N {0,B(θ)}, θ denotes the variance components for all
random effects, e ∼ N {0, σ 2e IN}, and IN is the identity matrix of dimensionN = ∑ni=1 ni. We consider
an expansion of f (t) in a r-dimensional space
f (t) = ξ(t)T c
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where ξ(t) = {ξ1(t), · · · ξr(t)} are basis functions, and c = (c1, . . . , cr)T are coefficients for the linear
expansion. In our case, since f (t) is assumed to be twice differentiable and cyclic with the cycle as one
year in model (1), we choose to use the cyclic cubic regression spline basis. Generalizing the estimating
procedure of Gu and Ma (2005) for nonparametric mixed effect models to include a parametric
component, we minimize the following penalized least squares with respect to β, b, and c.
L (β, b, c) = (Y − Xβ − Zb− Mc)T (Y − Xβ − Zb− Mc) + σ 2e bTB(θ)−1b+ NλcTQc, (4)
whereM = [ξ(t11)T , · · · ξ(tnnn )
T ]T , λ is the smoothing parameter, a nonnegative constant, andQ is the
penalty matrix corresponding to the roughness of the fitted curve. We treat the variance components
θ and σ 2e together with λ as tuning parameters, which will be determined through generalized cross-
validation. We choose to use roughness penalty as the total curvature of f (t). Specifically, the (i, j)th
element of Q is
Qi j =
∫ T2
T1
ξ ′′i (t)ξ
′′
j (t)dt,
where the integrals are taken over the domain of spline basis (T1,T2), and ξ
′′
k (t) is the second derivative
of basis function ξk(t). Differentiating (4) with respect to β, b, and c, and setting the derivatives to 0,
we solve ⎡
⎣XTX XTZ XTMZTX ZTZ + σ 2e B(θ)−1 ZTM
MTX MTZ MTM + λNQ
⎤
⎦
⎡
⎣βb
c
⎤
⎦ =
⎡
⎣XTYZTY
MTY
⎤
⎦
to obtain the estimators
(̂
β, b̂, ĉ
)
. Then XTi,t β̂ + ξ(t)T ĉ+ ZTi,t̂b is the estimated longitudinal trajectory
of personal log PAH exposure for subject i, where Xi,t and Zi,t are the most recent values for the
corresponding covariates at time t. Note
Ŷ = (X Z M)
⎛
⎝β̂b̂
ĉ
⎞
⎠ = A(θ, σ 2e , λ)Y
where
A(θ, σ 2e , λ) =
(
X Z M
)⎡⎣XTX XTZ XTMZTX ZTZ + σ 2e B(θ)−1 ZTM
MTX MTZ MTM + λNQ
⎤
⎦
−1⎡
⎣XTZT
MT
⎤
⎦
is a function of θ, σ 2e , and λ. We choose the optimal λ and simultaneously estimate the variance
components (θ, σ 2e )byminimizing the generalized cross-validation (GCV) criteria (Craven andWahba,
1979)
V (θ, σ 2e , λ) =
N−1YT
[
I − A(θ, σ 2e , λ)
]2Y{
N−1tr
[
I − A(θ, σ 2e , λ)
]}2 ,
which, as shown in Gu and Ma (2005), yields the optimal smoothing. Using such GCV criteria also
greatly reduces the computational intensity in practice (Ramsay et al., 2009, among others). The
optimal fitting depends on r, the dimension of basis functions, as well, and we choose r to globally
minimize the GCV score.
Zhang et al. (2007) proposed to convert the “roughness” term to a random effect, and hence treat
the minimization problem as a linear mixed model. However, our experience is that the numerical
performance of this method is not very stable. We employed the GCV criteria as our objective function
to select θ, σ 2e , and λ. Note thatV (θ, σ
2
e , λ) is flat with respect to very small and very large smoothing
C© 2013 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.biometrical-journal.com
248 L. Wang and H. Choi: Statistical modeling to detect critical window
parameters, and thus the general optimization algorithm may stuck in a local area. One can further
assume some properties for B(θ) to facilitate the optimization implementation. We choose to use
simple random effects, and assume that B(θ) is a block diagonal matrix of the form
⎡
⎢⎢⎣
θ1I1 0 · · · 0
0 θ2I2 · · · 0
...
...
. . .
...
0 0 · · · θkIk
⎤
⎥⎥⎦,
where k is the dimension of θ. The penalties thus become a series of quadratic terms with known
penalty matrixes and unknown tuning parameters. We then take advantage of the function “magic” in
R package, mgcv. This function utilizes Newton’s method inmulti-dimensions, combined with steepest
descent to iteratively update the smoothing parameters for each penalty. We found that this approach
has superior numerical stability.
3.2 Estimation in functional linear models using spline basis
Functional linearmodel (Ramsay and Silverman, 1997;Cardot, 2003;Ramsay et al., 2009) links a curve
predictor to a scalar response variable. For example, in model (2) introduced in Section 2, the response
O is a scalar while the predictor is a random function of t. The corresponding coefficient α(t) is a
nonparametric function. We are faced with the estimation of a functional coefficient or, equivalently,
of a linear functional. There have been several approaches proposed in the literature for nonparametric
estimation. Geman and Hwang (1982) proposed a sieve maximum likelihood estimation procedure to
ease the computational difficulty in fully nonparametric estimation problems. They approximate the
unknown nonparametric function by a linear span of some known basis functions to form a sieve
log-likelihood. Then maximizing the log-likelihood with respect to the unknown function converts
to maximizing the sieve log-likelihood with respect to the finite unknown coefficients in the linear
span. Some further theoretical results have been obtained by Shen and Wong (1994). Sieve estimation
reduces the dimensionality of the optimization problem, but the number of basis functions also grows
as sample size increases. Instead, we consider a regularization approach (Wahba, 1990; Ramsay and
Silverman, 1997), using a similar expansion of α(t) but with fixed number of basis functions. Similarly
as in Section 3.1, we represent α(t) using spline basis, which has been well recognized in the statistical
literature as a useful tool in nonparametric estimation (Stone, 1985, 1986). Let us assume α(t) is
a smooth nonparametric function that has continuous second-order derivative. We minimize the
following penalized sum of squared errors
n∑
i=1
{
Oi −
∫ Td
0
Ŷi(t)α(t)dt − X˜
T
i γ
}2
+ ρ
∫ Td
0
{
α′′(t)
}2 dt, (5)
where ρ > 0 is a smoothing parameter to control the roughness penalty. Following Cardot et al.
(2003), Ramsay and Silverman (1997), and Ramsay et al. (2009), we consider a spline basis{
Sk(t), k = 1, . . . ,Kα
}
, where Kα is the number of basis functions. We represent α(t) as
α (t) =
K
α∑
k=1
φkSk (t) = STK
α
(t)φ
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where φk are unknown coefficients, SK
α
(t) =
{
S1 (t) , . . . ,SK
α
(t)
}T
, and φ =
(
φ1, . . . , φK
α
)T
. Using
this representation, model (2) can be rewritten as
Oi =
K
α∑
k=1
φk ·
∫ Td
0
Ŷi(t)Sk (t) dt + X˜
T
i γ + i.
We denote Jik =
∫ Td
0 Ŷi(t)Sk (t) dt, J i =
(
Ji1, . . . , JiK
α
)T
, and then have
Oi = JTi φ + X˜
T
i γ + i.
Thus, the penalized residual sum of squares (5) can be rewritten as
n∑
i=1
{
Oi − JTi φ − X˜
T
i γ
}2
+ ρ
∫ Td
0
⎧⎨
⎩
K
α∑
k=1
φkS
′′
k (t)
⎫⎬
⎭
2
dt,
where S′′k (t) is the second derivative of spline function Sk (t). Let UKα (t) =
{
S′′1 (t) , . . . ,S
′′
K
α
(t)
}T
and let R denote the matrix
∫ Td
0 UKα (t)U
T
K
α
(t) dt, then the last term of the above expression can
be simplified as ρφTRφ, similarly as in Section 3.1. We can further simplify notation by defining
ζ = (φT , γT )T , Wi = (JTi , X˜Ti )T , and R0 as a (Kα + d2)× (Kα + d2) matrix, which augments R by
attaching 0s. Then the penalized objective function (5) that we want to minimize becomes
n∑
i=1
{
Oi −WTi ζ
}2 + ρζTR0ζ .
We can estimate ζ by solving(
WTW + ρR0
)
ζ = WTO,
where O = (O1, . . . ,On)T is a n × 1 vector, andW = (W1, . . . ,Wn)T is a n × (Kα + d2) matrix. Cor-
respondingly, we can construct confidence intervals for ζ̂ . We estimate the variance of ζ̂ as
V̂ar
(
ζ̂
) = σ̂ 2 (WTW + ρR0)−1WTW (WTW + ρR0)−1 ,
and σ̂ 2 can be calculated from the mean squared residuals. The algorithm described in Section 3.1 can
be applied here as well with slight modifications. The smoothing parameter ρ and the number of basis
functions Kα are chosen similarly as in Section 3.1 for λ and r by the GCV criteria.
4 Krakow birth cohort study and results
In the prospective Krakow Birth Cohort Study introduced in Section 1, pregnant women were re-
cruited from prenatal care clinics during their first trimester in Krakow, Poland. In the city of Krakow,
coal combustion for domestic heating is the major air pollution source. In contrast, automobile traffic
emissions and coal-combustion for industrial activities are relatively minor contributors. We targeted
Caucasian pregnant women of ethnic Polish background during the 8th to 13th weeks of gestation.
To reduce confounding, only young (age, 18–35) and healthy women with no known risks for adverse
birth outcomes were eligible. Those who met all the eligibility criteria (n = 344) were simultaneously
monitored for their personal, home indoor and outdoor exposure levels of PAHs and PM2.5 during the
second trimester of pregnancy between November 2000 and January 2003. The women also answered
a questionnaire on health, lifestyle, and exposure history. In a subset of women, repeated personal
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Figure 2 Estimation of the cyclic nonparametric function f (t) in one cycle (— is the estimate, and ----
is the 95% confidence interval) and the predictions of individual prenatal PAH exposure during preg-
nancy based on semiparametric-mixed effect model. (A) Estimation of cyclic function f (t) in one cycle
(b) predicted versus observed PAH.
monitoring was additionally conducted during the first and the third trimester. The personal exposure
measurements in this study are very unique in the literature. Eachwoman carried or kept near her a per-
sonal air monitor that operated for a consecutive 48-hour period. The split flow inlet, placed near the
woman’s breathing zone, drew in theparticulate or semivolatile vaporPAHsandparticles 2.5m (PM2.5)
on a precleaned quartz microfiber filter and polyurethane foam backup. The filters were analyzed for
pyrene and eight PAHs known to be carcinogenic as well as having other toxicities: benz(a)anthracene,
chrysene/isochrysene, benzo(b)fluoranthene, benzo(k)fluoranthene, benzo(a)pyrene, indeno(1,2,3-
cd)pyrene, dibenz(a,h)anthracene, and benzo(g,h,i)perylene. We refer to these eight PAHs as
carcinogenic PAHs (c-PAHs).
The personal PAH exposure level is summarized using sum of the eight monitored c-PAHs and a log
transformation is taken tomake thenormality assumptionmoreplausible. The 344 subjects contributed
495 personal PAHmeasurements fromNovember 2000 to January 2003, while each subject contributed
1 to 3 observations from different trimesters. Figure 1 in Section 1 presents the 495 measurements of
log PAH exposure over calendar time (in weeks). As illustrated by several subjects in different symbols,
the observed measurements of the same subject are very sparse due to technical difficulties related to
pregnancy burden and costly expense considerations. Meanwhile, there is a strong evidence in Fig. 1
demonstrating a nonlinear periodic effect of calendar time on log PAH exposure, which is reasonable
given that the study was conducted for over 2 years. Due to the heating mechanism in Krakow, the
PAH exposure level is usually higher in winter and lower in summer, and thus demonstrate a cyclic
pattern over the study period. This observable nonlinear periodic effect of the calendar time on the
log PAH exposure level is captured by the semiparametric model (1) of log PAH with a cyclic function
f (t). From our experience, the level of wiggliness of f̂ (t) directly connects to the number of knots
used when constructing the spline basis, and the smoothing parameter λ. We apply the GCV criteria
(smaller is better) and perform a comprehensive search on the number of knots, from 4 to 50. For each
fixed number of knots, we choose the optimal λ by minimizing GCV. Then we choose the number of
knots that achieves the lowest GCV score. The estimated function f̂ (t) in one cycle, together with the
95% confidence interval, is displayed in Fig. 2A.
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Besides the cyclic effects, our results also show evidence for a decreasing trend of the log PAH
exposure over calendar time (p-value< 0.01). This demonstrates that the air pollution in this area has
been improved over the years. Model (1) also controls for other potential risk factors. We find that
living in city center increases the risk of being exposed to higher PAH level by 0.068 units in log PAH
scale (p-value= 0.94) while smoking increases the risk of being exposed to higher PAH level by 0.061
units in log PAH scale (p-value< 0.01). These results suggest that, in addition to the seasonal effect
and calendar time effect, host’s personal behavior also critically influences the magnitude of exposure
risk to PAH. We compare all observed measurements of log PAH exposure in the study versus the
predicted values in Fig. 2B, and most points fall along the diagonal line nicely.
When evaluating the risk of intrauterine growth restriction, we are only concerned about the effect
of prenatal PAH exposure. Therefore, we cut out the gestational period from the time of fertilization
to the time of delivery for each subject on the estimated individual log PAH exposure trajectory. This
can be viewed as a step of curve registration, where we align the estimated exposure profiles according
to gestational age. We preserve the first two trimesters in order to have a biologically meaningful
interpretation and only rescale the last trimester so that the length of the normalized prenatal exposure
period is the same for everyone. This makes the integral limit in model (2) nonrandom and facilitates
the estimation of α(t). The aligned and registered curves are used as a predictor in model (2) to assess
the effect of prenatal PAH exposure on birth outcomes across different gestational age.
Birth weight, birth length, and birth head circumference are measured for infants at time of delivery.
A standard normality test is performed on each birth outcome and log transformation is needed for
birth weight. Figure 3 displays the estimated regression coefficient function, α̂(t), along with 95%
point-wise confidence intervals. For each birth outcome, the risk of intrauterine growth restriction due
to prenatal PAH exposure is a function of gestational period. Negative values of α̂(t) means adverse
effect, and the magnitude of α̂(t) is the loss of baby’s birth outcome associated with one unit increase
of prenatal log PAH exposure at gestational age t. The lower α̂(t) is, the higher the risk associated with
PAH exposure is at that specific gestational age t. For log birth weight and birth length, the curves of
α̂(t) are both of bell shape, suggesting that the first and third trimesters are more vulnerable to PAH
exposure compared to the second trimester on fetal weight growth and length gain.However, birth head
circumference is affected more and more detrimentally across the gestational age by the occurrence of
PAH exposure, which is not surprising given that brain and neural system start to develop rapidly in
the second trimester. For fetal weight development, a significant window of vulnerability is identified
from around gestational week 3 to week 18, where the confidence interval does not contain zero in
Fig. 3A. From the same plot, one can see that the adverse effect of PAH exposure on birth weight is also
significant in part of the third trimester, fromaroundweek 30 to delivery in the standardized gestational
age scale. For fetal length growth, Fig. 3B shows that the adverse effect of PAH exposure is statistically
significant in both the first trimester (from fertilization to around gestational week 14) and in the third
trimester (from around week 27 to delivery). No significant window of vulnerability was shown from
this study for fetal head circumference development (Fig. 3C). We controlled for the other potential
risk factors including whether the baby was born in summer, the gestational age at born, newborn
gender, parity, if the delivery is c-section or not, prepregnancy weight, as well as maternal height.
The results in Table 1 show that baby boys tend to have a significantly higher birth weight (p<0.001),
longer birth length (p<0.001), and larger birth head circumference (p<0.001) than baby girls. Heavier
prepregnancy weight of mom, higher maternal height, and longer gestational period are significantly
associated with an increase of birth weight, birth length, and birth head circumference (all p-values
<0.05). Moms who have had baby before tend to bear a baby with higher weight and larger head
circumference (p-value are 0.038 and 0.001, respectively). If the delivery is a c-section, the newborn
tends to have a larger birth head circumference (p-value= 0.027). We also controlled c-section delivery
in the model of birth weight and birth length, but no statistical significance is observed. Whether the
baby was born in the winter season (from October to March, when heating becomes necessary and
nutrition might become different) is negatively correlated with all birth outcomes, but none of the
associations is statistically significant.
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Figure 3 The estimated regression coefficient function α(t) in functional linear model, that is, the
effect of prenatal log PAH exposure on baby’s log birth weight, birth length, and birth head circum-
ference across gestational age t. —— is the estimate and – · – · – is the 95% confidence interval.
(A) log Birth Weight, (B) Birth Length, (C) Birth Head Circumference.
Table 1 Estimates of the effects of other risk factors in the functional linearmodels of birth outcomes.
log(Birth Weight) Birth Length Birth H-C
coefficient p-value coefficient p-value coefficient p-value
Maternal height 0.002 0.041 0.056 0.025 0.030 0.023
Prepregnancy weight 0.003 <0.001 0.046 0.003 0.027 <0.001
log(Gestational Age) 2.261 <0.001 36.37 <0.001 14.10 <0.001
Parity (yes versus no) 0.027 0.038 0.364 0.188 0.474 0.001
Newborn gender (girl versus boy) −0.058 <0.001 −1.078 <0.001 −0.733 <0.001
Whether c-section delivery −0.020 0.204 0.278 0.421 0.403 0.027
Whether born in summer season 0.029 0.224 0.001 0.993 0.120 0.639
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5 Concluding remarks
The identification of a “critical window of vulnerability” to ubiquitous air pollutants such as PAHs is
a particularly important, yet challenging question. This is so because the dose-response relationship
of the xenotoxicant during a given gestational age is inherently related to the host’s susceptibility as
well as the host’s adaptiveness. Furthermore, prenatal exposure to PAHs is chronic throughout the
pregnancy period. The concentrations and the relative abundance of PAHs at different gestational
ages are very likely to vary. However, monitoring the PAH exposure over the whole gestational period
is not possible due to technical difficulty and cost considerations. Therefore, statistical methods are in
need to provide an efficient and precise estimation of individual prenatal PAH exposure trajectories.
We employ a longitudinal semiparametric mixed effect model to characterize individual profiles
of PAH exposure, where the time effect is modeled with a nonparametric cyclic function together
with a linear function of calendar time, and random effects are used to account for within-subject
correlations. Using curve registration, the estimated subject specific trajectory of prenatal log PAH
exposure are aligned over gestational age and then linked to birth outcomes through functional linear
models, where the coefficient of PAH exposure is a fully nonparametric function of gestational age.
This allows the effect of PAH exposure on birth outcome to vary at different gestational ages. The
window associated with significantly adverse effects is identified as a vulnerable prenatal window to
PAHs on fetal growth. To draw statistical inferences in both longitudinal semiparametric mixed effect
model and functional linear models, weminimize the penalized least squares objective function using a
spline-based expansion of the nonparametric functions. The smoothing parameters are selected using
GCV criteria.
Our results show that prenatal PAH exposure is associated with reduction in birth weight, birth
length, as well as birth head circumference. There is evidence in this study suggesting that the vul-
nerability of the fetus against high prenatal PAH exposure varies across different gestational ages,
and thus one may want to avoid unnecessary toxic exposures accordingly to reduce the potential risk.
Specifically, our results hint at a couple of critical windows of vulnerability for fetal weight and height
development, during which the PAH exposure yields significant impairment, and thus reducing PAH
exposure during these gestational windows may help for fetal weight and length development. For
birth head circumference, it appears to be affected more and more detrimentally across the gestational
age, but no statistical significance is found.
Considering that both proportional and disproportionate intrauterine growth restriction are asso-
ciated with mortality and morbidity risks of the newborns and compromised cognitive development
in children, our data suggest that protection of pregnant women particularly during the first trimester
and the third trimester against PAH exposure should be a priority to reduce the risk of intrauterine
growth restriction. Ambient PAH concentrations in Krakow are typical of regions dependent on coal-
burning for heat and power generation (Junninen et al., 2009). The present data support the need for
a multinational coal-combustion abatement strategy for the protection of pregnant women and the
embryo/fetus, particularly during the earliest stage of pregnancy. One limitation of this study design is
the fact that the repeated measurements in our data are very sparse due to technical difficulties related
to pregnancy burden and costly expense considerations. Therefore, the advantage of using random
effects to account for within-subject correlations is limited, even though we notice a slight decrease
of the GCV score for the model that includes the random effects (e.g. GCV-score = 0.363 for the
model with random intercept, while in the model without random intercept, GCV-score = 0.364).
However, we believe that for other studies with similar goals and well designed with more repeated
measurements, our proposed models and methods will provide more significant insights.
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